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(57) ABSTRACT

A system for predicting and summarizing medical events
from electronic health records includes a computer memory
storing aggregated electronic health records from a multi-
tude of patients of diverse age, health conditions, and
demographics including medications, laboratory values,
diagnoses, vital signs, and medical notes. The aggregated
electronic health records are converted into a single stan-
dardized data structure format and ordered arrangement per
patient, e.g., into a chronological order. A computer (or
computer system) executes one or more deep learning
models trained on the aggregated health records to predict
one or more future clinical events and summarize pertinent
past medical events related to the predicted events on an
input electronic health record of a patient having the stan-
dardized data structure format and ordered into a chrono-
logical order. An electronic device configured with a health-
care provider-facing interface displays the predicted one or
more future clinical events and the pertinent past medical
events of the patient.
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SYSTEM AND METHOD FOR PREDICTING
AND SUMMARIZING MEDICAL EVENTS
FROM ELECTRONIC HEALTH RECORDS

PRIORITY

[0001] This application claims priority benefits under 35
U.S.C. § 119to U.S. provisional application Ser. No. 62/538,
112 filed Jul. 28, 2017. The entire content of the ’112
provisional application, including Appendices A and B, is
incorporated by reference herein.

BACKGROUND

[0002] This disclosure is directed to a system and method
for predicting and summarizing medical events from elec-
tronic health records using deep learning models. The dis-
closure is also directed to several component aspects and
combinations thereof, including consolidation of electronic
health records into a single format for model generation and
training, deep learning models for predicting health events
from medical records, and a provider-facing interface on an
electronic device for display of clinical predictions and
underlying pertinent medical events relevant to the predic-
tions obtained through deep learning.

[0003] Nobel Laureate Herbert Simon once said: “What
information consumes is rather obvious: it consumes the
attention of its recipients. Hence a wealth of information
creates a poverty of attention . . . and a need to allocate that
attention efficiently among the overabundance of informa-
tion sources that might consume it.” In the clinical setting,
the management and presentation of information regarding
apatient is an important aspect of patient care and healthcare
decision making, for example how to treat a patient or when
to discharge a patient from a hospital. Management of
information is a particularly acute issue in a busy hospital or
clinic situation where a healthcare provider, such as a nurse
or physician, is attending to many patients simultaneously.
Information, for example, contained within the electronic
health records of a patient, consumes the attention of the
recipient (e.g., nurse or physician). A wealth of information,
for example as contained in an extensive medical history for
a particular patient over many years, or more usually the
medical history of a multitude of patients, creates a poverty
of attention.

[0004] There is a need for systems and methods to assist
healthcare providers to allocate their attention efficiently
among the overabundance of information from diverse
sources, as well as to provide predictions of future clinical
events and highlighting of relevant underlying medical
events contributing to these predictions in a timely manner.
The present disclosure address a pressing question facing the
physician in the hospital, namely which patients have the
highest need for my attention now and, at an individual
level, what information in the patient’s chart should I attend
to?

RELATED ART

[0005] The rapid adoption of electronic health records
(EHRs) has made routine clinical data digitally abundant.
Adler-Milstein J, DesRoches C M, Kralovec P, et al. Elec-
tronic Health Record Adoption In US Hospitals: Progress
Continues, But Challenges Persist. Health Aff. 2015;
34(12):2174-2180. Henry 1, et al., Adoption of Electronic
Health Record Systems among U.S. Non-Federal Acute Care
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Hospitals: 2008-2015, Office of the National Coordinator
for Health Information Technology, ONC data brief no. 35,
May 2016. This phenomenon has spurred efforts to harness
it with algorithms to target interventions at patients pre-
dicted to be at high risk for readmission, see Parikh R B,
Kakad M, Bates D W. Integrating Predictive Analytics Into
High-Value Care: The Dawn of Precision Delivery. JAMA.
2016; 315(7):651-652, triage patients at risk for adverse
events or decompensation, see Bates D W, Saria S, Ohno-
Machado L, Shah A, Escobar G. Big data in healthcare:
using analytics to identify and manage high-risk and high-
cost patients. Health Aff. 2014; 33(7):1123-1131; Ober-
meyer 7, Emanuel E J. Predicting the Future—DBig Data,
Machine Learning, and Clinical Medicine. N Engl ] Med.
2016; 375(13):1216-1219, and even recommend specific
cancer treatments. See Kantarjian H, Yu P P. Artificial
Intelligence, Big Data, and Cancer. JAMA Oncol. 2015;
1(5):573-574.

[0006] Traditionally, these predictive models are created
separately for each task by collecting variables that are
measured consistently on a pre-specified cohort, often in a
clinical registry or trial to ensure high-quality data collec-
tion. By contrast, data generated in routine care may produce
datasets that are incomplete, inaccurate, and inconsistent.
Hersh W R, Weiner M G, Embi P J, et al. Caveats for the use
of operational electronic health record data in comparative
effectiveness research. Med Care. 2013; 51(8 Suppl 3):S30-
S37; Newton K M, Peissig P L, Kho A N, et al. Validation
of electronic medical record-based phenotyping algorithms:
results and lessons learned from the eMERGE network. ]
Am Med Inform Assoc. 2013; 20(el):e147-e154; Opmeer B
C. Electronic Health Records as Sources of Research Data.
JAMA. 2016; 315(2):201-202. Therefore, to create a pre-
dictive model, researchers expend considerable effort to
define variables, normalize data, and handle missing mea-
surements (see e.g., the Newton and Opmeer references)
which complicates deployment as such steps must be rec-
reated, in real-time, on live data. Goldstein B A, Navar A M,
Pencina M J, loannidis J P A. Opportunities and challenges
in developing risk prediction models with electronic health
records data: a systematic review. ] Am Med Inform Assoc.
2017; 24(1):198-208. Given the above, the median number
of variables in predictive models is 27, see Goldstein et al.,
supra, thus ignoring most data, especially unstructured data
like notes, and repeated measurements like vital signs and
lab results.

SUMMARY

[0007] As an overview and summary, one aspect of this
disclosure is directed to a system for predicting and sum-
marizing medical events from electronic health records. The
system includes three components:

[0008] First, the system includes a computer memory, e.g.
mass data storage device or devices, storing aggregated
electronic health records from a multitude (e.g., millions) of
patients of diverse age, health conditions, and demograph-
ics, the records including among other things medications,
laboratory values, diagnoses, vital signs, and medical notes,
i.e., free text entered by a provider. The aggregated health
records are patient de-identified and obtained from one or
more sources and are potentially organized in different data
structure types due to differences in legacy systems. The
aggregated electronic health records are converted into a
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single standardized data structure format and preferably
placed in an ordered format, such as for example a chrono-
logical order.

[0009] Secondly, the system includes a computer (the term
is intended to refer to a single computer or a system of
computers or processing units sharing a processing task,
including ancillary memory) executing one or more machine
learning models trained on the aggregated health records
converted into the standardized data structure format and in
the ordered format. The deep learning models are trained to
predict one or more future clinical events and to summarize
or highlight pertinent past medical events (e.g., diagnoses,
medications, notes or excerpts thereof) related to the pre-
dicted one or more future clinical events, on an input
electronic health record of a given patient. The input elec-
tronic health record is in the standardized data structure
format and ordered into a chronological order, as is the case
with the aggregated health records used for model training.
[0010] Thirdly, the system includes an electronic device
for use by a healthcare provider treating the patient, e.g., a
computer terminal or workstation, tablet, smartphone or
other type of computing device having a screen display,
which is configured with a client-facing interface displaying
the predicted one or more future clinical events and the
pertinent past medical events of the patient generated by the
one or more predictive models.

[0011] In the detailed description, we describe that the
aggregated health records may take the form of health
records from a multitude of patients (hundreds of thousands
or even millions of patients) obtained in a de-identified form
from a plurality of different institutions, e.g., hospitals or
medical systems. The data from the different institutions
may be in different data formats, due to lack of standard-
ization in the industry. The records are converted into the
standardized data structure format. In one embodiment they
are arranged in time sequence on a per-patient basis. There
is de-identification of the patient in the aggregated health
records. In one particular embodiment, the standardized data
structure format is the Fast Health Interoperability
Resources (FHIR) format, a known format, see Mandel J C,
et al., SMART on FHIR: a standards-based, interoperable
apps platform for electronic health records. ] Am Med
Inform Assoc. 2016; 23(5):899-908, in which the EHRs are
formatted in bundles of time-sequenced FHIR “resources.”
[0012] In one embodiment, the aggregated health records
contain variable names which are not harmonized to a
standard terminology, except for variables that are required
to define primary outcomes and exclusion criteria, i.e.,
criteria for excluding a given EHR from being included for
model training. In one embodiment, the aggregated health
records contain hospitalization diagnoses, and the diagnoses
are mapped to single-level Clinical Classification Software
(CCS) codes.

[0013] In one aspect, one or more of the deep learning
models contain “attention mechanisms” (a technique known
in the field of deep learning and described in detail below,
also sometimes referred to as “attribution mechanisms™)
which, when invoked, indicate how much attention or
equivalently “weight” the one or more models gave to
particular “tokens” corresponding to atomic elements (indi-
vidual words in a note, lab measurements, medications, etc.)
in the electronic health record in order to arrive at the
prediction of the one or more future clinical events and
pertinent past medical events. The provider-facing interface
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preferably includes a display of the results of the attention
mechanism, such as by providing degrees of highlighting or
emphasis on elements in the health record (i.e., past medical
events) associated with a particular prediction, especially
those that scored high from the attention mechanism. The
display of the results of the attention mechanism on the
electronic device, in addition to the prediction and related
medical events, provides the healthcare provider with con-
fidence in the prediction and its basis, and directs their
attention to pertinent elements or features of the health
record related to the prediction to inform and guide their
patient care.

[0014] Aspects of this disclosure are directed to deep
learning models which are used to make the predictions. In
one embodiment, we contemplate using an ensemble of deep
learning neural network models, each of which are individu-
ally trained on the aggregated EHRs. In one embodiment we
use (1) a Long-Short-Term Memory (LSTM) model, (2) a
time aware Feed-Forward Model (FFM), also referred to
herein as a feedforward model with Time-Aware Attention,
and (3) an embedded boosted time-series model, also
referred to herein as an Embedded Time-Aware Boosting
model. Alternatives to these models may be suitable for use
in the present system, such as, for example autoregressive
convolutional neural network models with attention, see A.
Vaswani et al., Attention is all you need, arXiv:1706.03762
[cs.CL] (June 2017). The predictions of one or more future
clinical events and summarized pertinent past medical
events related to the predicted one or more future clinical
events can be obtained from an ensemble average of the
three deep learning models. In some instances the prediction
from a member of the ensemble may be excluded, for
various reasons.

[0015] We disclose a variety of possible predictions of
future clinical events, and in one embodiment the deep
learning model(s) predicts at least one of unplanned transfer
to intensive care unit, length of stay in a hospital greater than
7 days, unplanned hospitalization, ER visit or readmission
within 30 days after discharge of the patient, inpatient
mortality, primary diagnosis, or a complete set of primary
and secondary billing diagnoses at patient discharge. We
also disclose the ability to predict atypical laboratory values,
including potentially things such as acute kidney injury,
hypokalemia, hypoglycemia, or hyponeutrimia. We describe
below still further additional prediction tasks that the models
can be used for.

[0016] Further aspects of the present disclosure are
directed to the electronic device and its provider-facing
interface. In one embodiment, the interface includes a dis-
play of: (1) an alert to the predicted one or more future
clinical events, (2) key medical problems or conditions (i.e.,
past medical events) related to the alert, and (3) notes or
excerpts thereof, e.g., words or phrases, related to the alert.
In one configuration, the deep learning models contain an
attention mechanism indicating how much attention the one
or more models gave to tokens corresponding to elements in
the electronic health record to predict the one or more future
clinical events. The display of the notes or excerpts thereof
are displayed in a manner indicating results from the appli-
cation of the attention mechanism, e.g., by the use of
highlighting or degrees of emphasis on particular words,
phrases or other text in the notes, e.g., by varying font size,
color, shading, bold, italics, underline, strikethough, blink-
ing, highlighting, font selection, etc., thereby drawing the
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attention of the provider to the most significant past medical
events in the EHR that are pertinent to the predicted future
clinical event. In still one further configuration, the display
can further include inferred information from the patient
electronic health record (e.g., a tentative diagnosis inferred
from past medical events) and a timeline or plot of risk or
probability of certain clinical events occurring in the future,
such as death or transfer to the ICU.

[0017] Inone possible configuration, the display permits a
user of the electronic device to select one of the key
problems or conditions and the selection triggers further
display of information pertinent to the selected key problem
or condition, for example display of medications prescribed
to the patient and notes or excerpts thereof related to the
selected key problem or condition.

[0018] In another aspect of the disclosure, a method is
described for predicting and summarizing medical events
from electronic health records. The method includes the
steps of:

[0019] a) aggregating electronic health records from a
multitude of patients of diverse age, health conditions, and
demographics, the electronic health records including some
or all of medications, laboratory values, diagnoses, vital
signs, and medical notes;

[0020] b) converting the aggregated electronic health
records into a single standardized data structure format and
into an ordered arrangement per patient;

[0021] c)training one or more deep learning models on the
aggregated health records converted into the single stan-
dardized data structure format and in the ordered arrange-
ment;

[0022] d) using the trained one or more deep learning
models to predict one or more future clinical events and
summarize pertinent past medical events related to the
predicted one or more future clinical events from an input
electronic health record of a patient having the standardized
data structure format and ordered into a chronological order;
and

[0023] e) generating data for a healthcare provider-facing
interface of an electronic device for use by a healthcare
provider displaying the predicted one or more future clinical
events and the pertinent past medical events of the patient.
[0024] In still another aspect, a system is described com-
prising in combination:

[0025] a) computer memory storing aggregated electronic
health records from a multitude of patients of diverse age,
health conditions, and demographics including some or all
of medications, laboratory values, diagnoses, vital signs, and
medical notes, and obtained in different formats, wherein the
aggregated electronic health records are converted into a
single standardized data structure format and placed in an
ordered arrangement, such as a chronological order; and
[0026] b) a computer (as defined above) executing one or
more deep learning models trained on the aggregated health
records converted into the single standardized data structure
format and in ordered arrangement to predict future clinical
events on an input electronic health record of a patient. In
one aspect, the one or more deep learning models each
contain “attention mechanisms” indicating how much atten-
tion the one or more models give to particular “tokens”
corresponding to atomic elements (individual words in a
note, lab measurements, medications, etc.) in the electronic
health record in order to arrive at a prediction of the one or
more future clinical events and summarize pertinent past
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medical events related to the predicted one or more future
clinical events. In one embodiment, we contemplate using
an ensemble of deep learning neural network models, each
of which are individually trained on the aggregated EHRs.
[0027] In one embodiment we use (1) a Long-Short-Term
Memory (LSTM) model, (2) a time aware Feed-Forward
Model (FFM), and (3) an embedded boosted time-series
model.

[0028] In yet another aspect of this disclosure, a method
for predicting medical events from electronic health records
is described. The method includes the steps of:

[0029] a) aggregating electronic health records from a
multitude of patients of diverse age, health conditions, and
demographics, the electronic health records including some
or all of medications, laboratory values, diagnoses, vital
signs, and medical notes and obtained in different formats;
[0030] b) converting the aggregated electronic health
records into a single standardized data structure format and
ordered per patient into an ordered arrangement, such as for
example a chronological order; and

[0031] c)training one or more deep learning models on the
aggregated health records converted into the single stan-
dardized data structure format and in ordered arrangement,
wherein the trained one or more deep learning models
predict future clinical events on an input electronic health
record of a patient in the standardized data structure format
and ordered in a chronological order.

[0032] In still another aspect, we have described an
improved computer (as defined previously) executing one or
more deep learning models trained on aggregated electronic
health records converted into a single standardized data
structure format and in the chronological order to predict
one or more future clinical events and summarize pertinent
past medical events related to the predicted one or more
future clinical events on an input electronic health record of
a patient having the standardized data structure format and
ordered into a chronological order.

[0033] In a preferred embodiment the deep learning mod-
els each contain attention mechanisms indicating how atten-
tion the one or more models give to particular “tokens”
corresponding to atomic elements (individual words in a
note, lab measurements, medications, etc.) in the electronic
health record elements in the electronic health record to
predict the one or more future clinical events and summarize
pertinent past medical events related to the predicted one or
more future clinical events.

[0034] In still another aspect, a system is disclosed com-
prising, in combination, a) a computer executing one or
more deep learning models trained on the aggregated health
records converted into the single standardized data structure
format and in the chronological order to predict one or more
future clinical events and summarize pertinent past medical
events related to the predicted one or more future clinical
events on an input electronic health record of a patient
having the standardized data structure format and ordered
into a chronological order; and b) a client-facing interface of
an electronic device for use by a healthcare provider treating
the patient configured to display the predicted one or more
future clinical events and the pertinent past medical events
of the patient.

[0035] In yet another aspect, there is disclosed an elec-
tronic device (e.g., workstation, tablet computer or smart-
phone) having a healthcare provider facing interface dis-
playing in substantial real time a display of a prediction of



US 2019/0034591 Al

one or more future clinical events for at least one patient.
The display further is configured to display elements (past
medical events) from an electronic health record which
correspond to application of an attention mechanism on a
predictive model operating on the electronic health record
which are related to the prediction. In one embodiment the
elements of the electronic health record are notes or extracts
thereof with highlighting or gradations of emphasis on
particular words, phrases or other text in the notes. The
elements of the electronic health record could also be things
such as lab values, prior medications, vital signs, etc. The
highlighting or gradations of emphasis could take the form
of at least one of font size, font color, shading, bold, italics,
underline, strikethough, blinking, highlighting with color,
and font selection, or possibly some combination thereof,
such as red color and bold font. The predicted one or more
future clinical events could include unplanned transfer to
intensive care unit, length of stay in a hospital greater than
7 days, unplanned readmission within 30 days after dis-
charge of the patient, inpatient mortality, primary diagnosis,
a complete set of primary and secondary billing diagnoses,
or atypical laboratory values, such as acute kidney injury,
hypokalemia, hypoglycemia, and hyponeutrimia. The pre-
dicted one or more future clinical events could be displayed
in the form of an alert.

[0036] In one embodiment, the interface is further config-
ured to display a time line plotting at least one patient risk
or probability over time, for example, a plot of risk of
transfer to ICU or risk of hospital stay greater than 7 days,
or risk of death. The electronic device could be used in a
hospital or clinic environment in which the system is func-
tioning to predict future clinical events for multiple patients
simultaneously, in which case the interface is further con-
figured to display a time line plotting at least one patient risk
or probability over time for a plurality of patients simulta-
neously.

[0037] In still another aspect, a method is disclosed of
assisting a health care provider in providing care for a
patient. The method includes the steps of:

[0038] a) using a predictive model trained from aggre-
gated electronic health records to generate (1) a prediction of
a future clinical event for the patient and (2) identify
pertinent past medical events from an input electronic health
record for the patient;

[0039] D) generate data related to both the prediction and
the identified pertinent past medical events; and

[0040] c¢) transmit the generated data to an electronic
device used by the health care provider for display on the
electronic device;

[0041]

[0042] the predictive model uses an attention mechanism
to indicate how much attention the predictive model gave to
elements in the input electronic health record to predict the
future clinical event and identify pertinent past medical
events and wherein the generated data includes the results of
the attention mechanism.

[0043] In one embodiment the pertinent past medical
events include notes (e.g. text input from a physician or
nurse) or excerpts thereof. In one embodiment the prediction
is selected from the group consisting of: unplanned transfer
to intensive care unit, length of stay in a hospital greater than
7 days, unplanned readmission within 30 days after dis-
charge of the patient, inpatient mortality, primary diagnosis,

wherein:
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a complete set of primary and secondary billing diagnoses,
and atypical laboratory values.

[0044] The generated data may further include a time line
of probability or risk of an event occurring over time.
[0045] In one embodiment steps a), b), ¢) and d) are
performed in real time for a multitude of patients simulta-
neously from a multitude of input electronic health records.
Ahealth care provider caring for at least two of the multitude
of patients receives the generated data in real time for the at
least two patients, thereby assisting the health care provider
in providing care for the at least two patients simultaneously
and permitting prioritization in patient care for the at least
two patients based on the respective predictions.

BRIEF DESCRIPTION OF THE DRAWINGS

[0046] FIG. 1 is a schematic diagram of the overall system
including aggregated electronic health records, computer
executing trained deep learning models, and electronic
device used by a healthcare provider which receives predic-
tions and pertinent relevant past medical events related to
the prediction from the deep learning models and has an
interface to present such information on its display.

[0047] FIG. 2 is an illustration of the procedure used in the
system of FIG. 1 for converting raw electronic health
records into FHIR resources in time-sequence order.
[0048] FIG. 3A, consisting of FIGS. 3A1 and 3A2, is a
flow chart showing the design and operation of a time aware
Feed Forward Model of FIG. 1; FIG. 3B, consisting of FIGS.
3B1 and 3B2, is a flow chart showing the design and
operation of an embedded boosted time series model of FIG.
1; FIG. 3C, consisting of FIGS. 3C1 and 3C2 is a flow chart
showing the design and operation of a LSTM model of FIG.
1.

[0049] FIG. 4 is an illustration of one form of display of
data on a provider-facing interface showing results of an
attention mechanism in the deep learning models in a patient
timeline or series of events including medications, encoun-
ters, procedures, notes, orders, etc.

[0050] FIG. 5 is an illustration of another form of display
of data in an EHR showing results of attention mechanism
in the deep learning models in the form of excerpts of notes
with degrees of emphasis (size, boldness, color, etc.) given
to individual words or phrases in the notes corresponding to
the attention (significance or weight) the words were to a
clinical prediction generated by the deep learning models,
and attention particular medications in the medical history
were to the prediction.

[0051] FIG. 6 is another example of results of the attention
mechanism in the deep learning models, showing different
words or phrases found in the notes of the EHR being
afforded different degrees of emphasis (bold) being relevant
to a prediction. The darker highlights correspond to higher
attention scores.

[0052] FIG. 7 is an illustration of different types of pre-
dictions which the models of this disclosure may be used to
make, including atypical laboratory results, along with accu-
racy statistics obtained from applying the models retrospec-
tively to a test set portion of the original set of patient
records used for model training.

[0053] FIG. 8A is an illustration of a healthcare provider-
facing interface of an electronic device for use by a health-
care provider treating the patient, e.g., computer terminal,
tablet, smartphone or other type of computing device having
a screen display. The interface in this configuration is
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designed for use in a hospital setting, showing plots of risks
for two patients simultaneously. The interface displays two
predicted future clinical events for a particular patient, in
this case an unplanned transfer to intensive care unit (ICU)
and a delayed discharge from the hospital. The display of
FIG. 8A is designed to alert the healthcare provider’s
attention early on to patients at risk.

[0054] FIG. 8B is an illustration of the interface of FIG.
8A after the provider has selected the patient having the
alert. The display helps the provider understand the patient
now—by alerting them to key medical problems (medical
events related to the prediction), dig into conditions or other
data that he or she might need to look at to make a decision
regarding patient care, including notes with results of atten-
tion mechanism of the models, and to not let them miss
critical information.

[0055] FIG. 9 shows the display of tools on the interface
that would be pertinent to use of the interface in predictions
for outpatients.

[0056] FIGS. 10-13 illustrate hypothetical examples of the
massive amount of information that is available to health-
care providers from EHRs and why the features of the
present disclosure are needed. FIG. 10 shows excerpts from
four years of a patient’s medical history, with over 400 listed
diagnoses. FIG. 11 shows excerpts of diagnoses for a patent,
but the lack of important accompanying information such as
whether the patient was treated as an outpatient, inpatient, or
in the ICU or other setting. FIG. 12 shows over 150 different
encounters for a particularly patient over a given time span,
but lacks the detail on what happened in each encounter.
FIG. 13 shows just one small fraction of the notes taken by
providers in a single hypothetical four day hospitalization;
the display of all of the notes would require 60 different
screens of a standard mobile device.

[0057] FIG. 14 shows an example of the interface of the
device of FIG. 3 tracking data and risks for four patients in
real time.

[0058] FIG. 15 shows the interface of FIG. 8B showing
the selection of just the key events in the 150 past encounters
in the EHR which are relevant to the predictions (ICU
transfer, delayed discharge) and presented in a patient time-
line.

[0059] FIG. 16 shows the interface of FIG. 8B showing
the selection of just the key problems from the list of 400
past diagnoses in the EHR which are relevant to the predic-
tions (ICU transfer, delayed discharge). The key problems
(i.e., pertinent past medical events) are presented as a
summary in the left-hand side of the display in the problem
list area.

[0060] FIG. 17 shows the interface of FIG. 8B showing
the selection of just the key, important excerpts or words
from the 10,000 words in the notes in the EHR which are
relevant to the predictions (ICU transfer, delayed discharge).
The key excerpts (words and phrases) and presented in the
lower right area of the interface, with degrees of highlighting
to particular words or phrases as a result of the use of the
attention mechanism in the deep learning models when
generating the predictions.

[0061] FIG. 18 shows the interface of FIG. 8B showing
the ability of the interface to summarize each medical
problem that is listed. In this instance, the provided clicked
on the “alcohol withdrawal” key problem in the display of
FIG. 8B and the display shows medications, notes and a
timeline of events related to the key problem.
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[0062] FIG. 19 shows the summary of the key problem
“cardiomyopathy”, in the form of a time line, medications
and associated notes.

[0063] In the figures and accompanying description all
patient and provider names and medical data are fictitious
and do not reveal any confidential patient information.

DETAILED DESCRIPTION

A. Overview

[0064] This disclosure describes a new method of config-
uring EHR data for use in training of predictive models. The
models use all data recorded about patients, including clini-
cal notes, variables in the raw unharmonized formats or
terminologies, and preserve the temporal ordering of data
collection. We further applied an aspect of deep learning to
generate and train models to make clinical predictions from
the EHR data. We chose deep learning because it handles
millions of variables, can auto-harmonize data from differ-
ent sources, and accommodates sequences of data with
variable length. Deep learning techniques have achieved
state-of-the-art performance in other complex domains like
medical image recognition (e.g., to detect diabetic retinopa-
thy and cancerous skin lesions), and language translation.
Many of the applications and implementations of these deep
learning models to the present problem domain are believed
to be new.

[0065] This document further demonstrates the technical
feasibility and clinical utility of our approach. We describe
predictive models for multiple clinical tasks, including pre-
dicting hospital length-of-stay to improve throughput and
reduce cost; predicting unplanned readmissions to target
interventions to high-risk patients; predicting inpatient mor-
tality to assist in deployment of early interventions; predict-
ing and phenotyping diagnoses from routine clinical data to
enable clinical decision support. Furthermore, we have
described applications of the models to predict unplanned
transfer of patients in a hospital to an intensive care unit, and
primary diagnosis. Additionally, we describe a provider-
facing user interface of an electronic device (e.g., computer
terminal, tablet or smartphone) which presents these predic-
tions and underlying relevant medical events that assist
providers in treating patients in a timely manner.

[0066] FIG. 1 illustrates a system 10 for predicting and
summarizing medical events from electronic health records.
The system includes three components:

[0067] First, there is described a computer memory 24,
e.g. mass data storage device, storing aggregated electronic
health records 22 from a multitude of patients of diverse age,
health conditions, and demographics including medications,
laboratory values, diagnoses, vital signs, and medical notes
(e.g. free text notes written by attending physicians and
nurses). The aggregated electronic health records are con-
verted into a single standardized data structure format and
ordered per patient, e.g., into a chronological order. The raw
electronic health records 12 of large numbers of patients
from different institutions 14 (e.g., university medical cen-
ters, hospital systems, etc.) may be formatted in various
different electronic formats due to the wide variety of legacy
electronic health records systems currently in use. The raw
health records are patient de-identified and are transmitted
over computer networks 16 and stored in a relational data-
base (RDB) 20 and converted by a computer system 18
functioning as a converter into a standardized format and
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stored in the memory 24. These records are converted into
the standardized data structure format and arranged in an
ordered arrangement, in a preferred embodiment in time
sequence. In one particular embodiment, the standardized
data structure format is the Fast Health Interoperability
Resources (FHIR) format, a known format, in which the
EHRs are formatted in bundles of time-sequenced FHIR
“resources” shown as 22 in FIG. 1. This will be described
later in conjunction with FIG. 2.

[0068] Secondly, the system includes a computer 26 (the
term is intended to refer to a single computer or a system of
computers or processing units sharing a processing task,
together with ancillary memory) executing one or more deep
learning models (28, 30, 32, described below) trained on the
aggregated health records 22 converted into the single
standardized data structure format and in the chronological
order. The deep learning models are trained to predict one or
more future clinical events and to summarize pertinent past
medical events (e.g., problems, conditions, test results,
medications, etc.) related to the predicted one or more future
clinical events on an input electronic health record 38 of a
given patient 36. The input health record 38 is in the
standardized data structure format and ordered into a
chronological order, as is the case with the aggregated health
records used for model training. The input health record 38
could be converted if necessary to the FHIR format by the
converter 18 as indicated by the dashed lines 39.

[0069] It will be appreciated while FIG. 1 shows the
receipt of an input electronic health record 38 from a single
patient, in practice this may be occurring essentially simul-
taneously for other many other patients across a medical
system or hospital depending on the extent of the roll-out of
the system. The system of FIG. 1 preferably employs
sufficient computing resources for the computer 26 (or
system of computers) to operate the models on the input
health records and generate data as to predictions and
relevant past medical events to the predictions for all these
patient EHRs simultaneously in real time and transmit the
data to the electronic device(s) 40 for display on the client-
facing interface of the device.

[0070] Thirdly, the system includes an electronic device
40 for use by a healthcare provider treating the patient, e.g.,
computer terminal or workstation, tablet, smartphone or
other type of computing device having a screen display,
which is configured with a client (healthcare provider)-
facing interface (FIGS. 8A-8B, 9, 14, etc.) displaying the
predicted one or more future clinical events and the pertinent
past medical events of the patient. The display of the future
predicted clinical events and relevant past medical events
assist the healthcare provider 42 (for example, nurse or
doctor) to focus their attention on highly relevant informa-
tion in the patient’s electronic health record that is pertinent
to predictions, such as prediction of ICU transfer, late
discharge, mortality, etc. Examples of the usage of the
device 40 and interface to provide this assistance is
described later in conjunction with FIGS. 8A-19 and in the
Examples.

[0071] In another aspect of the disclosure, a method is
described for predicting and summarizing medical events
from electronic health records. The method includes the
steps of:

[0072] a) aggregating electronic health records 12 from a
multitude of patients of diverse age, health conditions, and
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demographics, the electronic health records including medi-
cations, laboratory values, diagnoses, vital signs, and medi-
cal notes;

[0073] b) converting the aggregated electronic health
records into a single standardized data structure format and
ordered per patient into an ordered arrangement (see bundles
of time-sequenced FHIR resources 22 generated by the
converter 18);

[0074] c¢) training one or more deep learning models 28, 30
and 32 on the aggregated health records 22 converted into
the single standardized data structure format and in the
ordered arrangement;

[0075] d) using the trained one or more deep learning
models 28, 30 and 32 to predict one or more future clinical
events and summarize pertinent past medical events related
to the predicted one or more future clinical events from an
input electronic health record 38 of a patient 36 having the
standardized data structure format and ordered into a
chronological order; and

[0076] e) generating data for a healthcare provider-facing
interface (FIGS. 8A-8B, 14, 19, etc.) of an electronic device
40 for use by a healthcare provider 42 treating patient, the
data displaying the predicted one or more future clinical
events and the pertinent past medical events of the patient.
[0077] The component aspects of the system and method
will now be described with greater detail.

B. Consolidation of Electronic Health Records into
a Single Format for Model Generation

[0078] As noted above, the raw electronic health records
12 may take the form of health records from a multitude of
patients (hundreds of thousands or even millions of
patients). The aggregated health records could be obtained
from one or more different institutions. The EHR data may
be in different data formats, due to lack of standardization in
the industry. These records are converted into the standard-
ized format and arranged in an ordered arrangement. This is
shown at FIG. 2, in which the raw electronic health records
12 for a patient include encounter tables 50 (all visits of the
patient to doctor offices, laboratories, hospitals, etc.), lab
tables 52 containing all lab testing and results, as well as
other tables (not shown) containing data such as vital sign
data, medical notes (free text), demographic data, diagnoses,
flow sheets, etc. The patient data is anonymized; no personal
identification data is included. Permission to receive the data
and use it to train the models is obtained from the institu-
tions. These tables 50, 52 representing the raw data are
stored in the RDB 20 of FIG. 1. The converter 18 then
converts the raw data into a standardized format, in this
example a collection of FHIR resources 22A, 22B, 22C,
22D, etc. as shown in FIG. 2, and for each patient there is
a “bundle” or set 22 of such FHIR resources. As indicated
at 54 in FIG. 2, these resources are then placed in time
sequence order to create a timeline or chronological order of
all the data in the EHR.

[0079] Details of the data sets we used to generate our
predictive models are set forth in Appendix A of our prior
U.S. provisional application Ser. No. 62/538,112 filed Jul.
28, 2017. Briefly, in our model development, we obtained
electronic health record data from the University of Cali-
fornia, San Francisco (UCSF) in San Francisco, Calif.,
University of Chicago Medicine (UCM) in Chicago, Ill., and
Beth Israel Deaconess Medical Center in Boston (MIMIC-
111), Massachusetts. These electronic health records were in
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de-identified or limited data set form shared in compliance
with all state and federal privacy laws (including HIPAA).
We also used a de-identified national database of Medicare
and commercial claims, known internally as “Uranus,” with
records of 2 billion encounters across 70 million patients,
between 2013 and 2015. The UCSF data contains all patients
with encounters between 2011 and 2016 from an academic
medical system with several hospitals of varying sizes.
UCM de-identified data contains all adult patient encounters
between 2009 and 2016 from several hospitals. The MIMIC
de-identified dataset contains data associated with patient
encounters in critical care units in in Boston, Mass. from
2001 and 2012. Of course, electronic health records could be
aggregated and obtained from other institutions, so the
specifics of the development set are not believed to be
particularly important but a sufficiently large set should be
used in order to improve accuracy of the models.

[0080] FEach EHR dataset contained patient demographics,
all inpatient and outpatient encounters, orders entered in the
EHR, diagnoses, procedures, medications, laboratory val-
ues, vital signs, and flowsheet data, which represents all
other structured data elements (e.g. nursing flowsheets). In
addition, the datasets from UCM and MIMIC-III contained
de-identified medical notes, and the dataset from UCM also
contained intraoperative vital sign and outpatient surgical
flowsheet data.

[0081] The Uranus claims dataset included patient demo-
graphics, all inpatient and outpatient encounters, diagnoses
codes, procedure codes and outpatient medication prescrip-
tions.

[0082] Data were de-identified except for the dates in the
UCM dataset, which complied with all requirements for
disclosure and use of a limited data set under HIPAA. Ethics
review and institutional review board exemption was
obtained from each institution. Patient data was not linked to
any Google user data. Furthermore, for the aggregated
electronic health records used to create the models our
system includes a sandboxing infrastructure that keeps each
EHR dataset separated from each other, in accordance with
regulation, data license and/or data use agreements. The data
in each sandbox is encrypted; all data access is controlled on
an individual level, logged, and audited.

[0083] We developed a single data-structure for the aggre-
gated EHRs based on Fast Healthcare Interoperability
Resources (FHIR) to store data from each system that was
used for all health systems and predictions. FHIR is an
open-source framework that allows standardized represen-
tation of clinical data as a set of resources—modular entries
that contain a specific data-type, like a single encounter or
lab test. The various types of data collected by the health
systems were converted into their corresponding FHIR
resources.

[0084] When converting data to a FHIR format (“re-
sources,” see FIG. 2), we did not harmonize variable names
to a standard terminology but instead used the raw termi-
nology provided by the health system, bypassing the tradi-
tional time-consuming harmonization of data. The only
exception was made for variables that were required to
define primary outcomes and exclusion criteria: discharge
disposition, hospital service, diagnosis codes and procedure
codes. Hospitalization diagnoses were provided as ICD-9/10
codes, we mapped these to single-level Clinical Classifica-
tions Software categories (CCS; Agency for Healthcare
Research and Quality); hospitalization procedures were pro-
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vided as ICD-9/10 and Current Procedural Terminology
(CPT) procedure codes and were also mapped to CCS codes.
[0085] Next, the set of resources for a given patient were
assembled in chronological order. This sequence of events
provided a faithful representation of the timeline of each
patient in the EHR. Billing codes are assigned a timestamp
immediately after the end of an encounter.

[0086] Certain elements, like vital signs, can be entered
into the EHR after they were collected. We used timestamps
for nursing documentation and vital signs corresponding to
the entry of the data into the EHR rather than when it was
recorded as collected to model the data as it would become
available in an EHR in real time.

C. Deep Learning Models for Predicting Health
Events from Medical Records

[0087] As shown in FIG. 1, our system includes a com-
puter 28 (or equivalently set of computers or processors and
ancillary memory) executing deep learning models 28, 30
and 32 trained on the aggregated health records 22 converted
into the single standardized data structure format and in the
chronological order. The models predict one or more future
clinical events and summarize pertinent past medical events
related to the predicted one or more future clinical events on
an input electronic health record 38 of a patient 36. The input
EHR is formatted in the same standardized data structure
format and ordered into a chronological order, either
natively or after conversion by the converter 18 if necessary.
[0088] While in theory one could just use a single trained
model, in order to avoid overfitting and provide high accu-
racy in predicting future clinical events we have found it
advantageous to use three different models, each of which
are trained on data sets making up the aggregated electronic
health records separately. At least one of the deep learning
models contains attention mechanisms indicating how much
attention (or equivalently, how significant) the model gave to
“tokens” (i.e., atomic elements in the electronic health
record such as individual words in a note, medications, lab
results, etc.) to predict the one or more future clinical events
and the related pertinent past medical events related to the
predicted one or more future clinical events. The use of
attention mechanisms in deep learning neural networks is
described in the conference presentation of D. Bandanau et
al., Neural Machine Translation by Jointly Learning to Align
and Translate, January 2014 (arXiv:1409.0473[cs.CL]. Fur-
ther explanations of attention mechanisms in the context of
healthcare include Choi et al., GRAM: Graph-based atten-
tion model for Healthcare Representation Learning, arXiv:
1611.07012v3 [cs.LG] April 2017 and Choi et al., RETAIN:
an Interpretable Predictive Model for Healthcare using
Reverse Time Attention Mechanism, arXiv:1608.05745v3
[cs.GL] February 2017. The content of the Choi et al. and
Bandanau reference is incorporated by reference herein.
[0089] In our preferred embodiment, we use three differ-
ent models: a Long-Short-Term Memory (LSTM) model 28,
which is a weighted recurrent neural network model, a time
aware Feed-Forward Model (FFM) 30 (also referred to
herein as a Feedforward Model with Time-Aware Attention),
and an embedded boosted time-series model 32, also
referred to herein as a Feed-Forward Model with boosted,
time-aware stumps. The Appendix B of our prior U.S *112
provisional application and the description of FIG. 3A-3C
gives further details on the architecture, design and imple-
mentation of the three models.



US 2019/0034591 Al

[0090] There are a variety of prediction tasks that can be
performed by these models; several of which are described
in some detail here and in Appendix A of our prior U.S *112
provisional application. These include prolonged length-of-
stay, unplanned hospital readmissions, unplanned transfer to
ICU, inpatient mortality, primary diagnosis code and a
complete set of billing diagnoses codes at discharge. These
predictions are made without selection or engineering of
predictor variables per task.

[0091] The outcomes of five prediction tasks are defined
below. For every prediction we use all information available
in the EHR (except for the claims database) up to the time
at which the prediction is made: at hospital admission, after
24 hours or discharge. We selected 24 hours because this is
commonly used in clinical prediction models such as
APACHE. E.g., Zimmerman et al. Acute Physiology and
Chronic Health Evaluation (APACHE) IV: hospital mortal-
ity assessment for today’s critically ill patients, Crit. Care
Med., 2006.

[0092] Admission time was defined as the start of an
inpatient status, meaning data from the emergency depart-
ment and outpatient surgeries would be available prior to
admission.

[0093] For the MIMIC dataset, the time points were rela-
tive to ICU admission. As the claims data had only day-level
attribution, predictions made on the day of admission
included claims filed on the same calendar date as admis-
sion.

[0094] Inpatient Mortality

[0095] We predicted inpatient death, defined as a dis-
charge disposition of “expired.”

[0096] Long Length of Stay

[0097] We predicted a length-of-stay greater than 7 days,
which was picked as approximately the 75th percentile
hospital stays for most services across the datasets. The
length-of-stay was defined as the time between hospital
admission and discharge.

[0098] 30-Day Unplanned Readmission

[0099] We predicted a future unplanned readmission
within the subsequent 30 days after a discharge from a
hospitalization, given all of the data elements above during
and prior to the admission. There is no accepted definition of
“unplanned” so we used a modified form of the Centers for
Medicare and Medicaid Services (CMS) definition: read-
missions were excluded if they were for planned procedures
without acute complications, chemotherapy, transplants, or
admission for rehabilitation, with details in the Appendix B
of'our prior U.S. *112 provisional application. A readmission
was counted if the admission time was within thirty days of
the prior discharge time of an eligible index hospitalization
without any intervening hospitalizations (i.e. a readmission
could only be counted once

[0100] Diagnoses—Primary and Complete Set

[0101] For each hospitalization we classified what the
patient was most likely being treated for by predicting the
primary diagnosis (using CCS categories, which cluster
related diagnoses and procedures to approximately 250
groups such as septicemia or tuberculosis). We also pre-
dicted the entire set of primary and secondary ICD-9 billing
diagnoses (i.e. from a universe of 14,025 codes). We used
CCS categories for primary diagnosis to mimic an assign-
ment that could be used for decision support, which would
not require the exact ICD-9 code.
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[0102]
Cohort
[0103] We included all consecutive admissions for
patients 18 years or older, except for one data set where we
used no age restriction to be comparable with literature. We
only included hospitalizations of 24 hours or longer to
ensure that predictions at various time points had identical
cohorts.

[0104] To imitate the practical accuracy of a real-time
prediction system we did not exclude patients typically
removed by studies of readmission, like being discharged
against medical advice, since these exclusion criteria are not
known when predicting earlier in the hospitalization.
[0105] For predicting the full set of ICD-9 diagnoses, we
excluded encounters without any ICD-9 diagnosis, which
was approximately 2 to 12 percent per dataset. These were
generally encounters after October, 2015 when hospitals
switched to ICD-10. We included such hospitalizations,
however, for all other predictions.

[0106] To compare with existing literature, we also cre-
ated a restricted set of index hospitalizations to a medical or
surgical services (i.e. excluding obstetrics).

[0107] Model Design and Training

[0108] We used three types of deep learning architectures
for the models 28, 30 and 32 (FIG. 1) that accommodate
modeling a sequence of patient events in an EHR. We used
a well-known version of a recurrent neural network named
the Long-Short-Term Memory (LSTM) (see Hochreiter S,
Schmidhuber J., Long Short-Term Memory. Neural Comput.
9 pp. 1735-1780 (1997), the content of which is incorporated
by reference herein, to create model 28. We created two new
methods that we call a time-aware feedforward model
(FFM) to create model 30 and an embedded boosted time-
series to create model 32, which we describe in the Appen-
dix B of our prior U.S. *112 provisional application. For the
first two models 28 and 30 we implemented attention
mechanisms (see the Bandanau et al. paper cited previously)
to highlight the data elements that most affected the predic-
tion. Each model was geared towards addressing specific
challenges with EHR data: long sequences of patient events,
dynamic changes in variables, and the effect of remote
historical patient data.

[0109] Each model 28, 30 and 32 was trained on each
dataset in the cohort separately. For predictions, in most
some instances we took the average of the predictions from
each model to come up with the final prediction score. In
other instances we exclude results from one of the models,
e.g., where it is not tuned for a particular task or prediction
and average the prediction scores of the remaining models.
[0110] Patient EHRs were randomly split into a develop-
ment set (80%), a validation set (10%) and a test set (10%).
To prevent any implicit overfitting, the test set remained
unused (and hidden) until final evaluation. Model accuracy
is reported on the test set and bootstrapping of the test set
999 times was used to calculate 95% confidence intervals.
As the goal was to create personalized predictions and not
evaluate contributions of individual predictors, we ignored
within-patient clustering.

[0111] For each prediction task, we created baseline mod-
els with hand-crafted variables based on existing literature in
order to judge retrospective model performance. Details
about the baseline models are described in Appendix B of
our prior U.S. *112 provisional application. The LSTM and
FeedForward models 28 and 30 were trained with Tensor-

Inclusion and Exclusion Criteria in the Study
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flow (Version 1.0) and the boosting model 32 was imple-
mented with custom C++ code. Statistical analyses and
baseline models were done in SciKit learn Python (0.18.1).

[0112] All models learn embedding vectors to represent
each token (e.g., atomic element of an EHR). A token, for
example, could be a word in a note, the name of a medica-
tion, or a discretized value of a particular lab test. The
embeddings were randomly initialized, and the model train-
ing updated the embeddings to improve predictive perfor-
mance.

[0113] FIG. 3A is a flow chart illustrating the design and
implementation of the FFM 30 of FIG. 1. The steps are
essentially as follows

[0114] Step (1) shows the data in the original EHR, with
relative timestamps (delta time) to e.g., the moment of
prediction.

[0115] Step (2) shows that each data element is embedded,
which means converted to a d-dimensional vector (this
conversion is learned by the model).

[0116] Step (3) shows that each delta time is embedded,
which means converted to a k-dimensional vector using k
functions which together encode a piecewise-linear split
(this conversion is learned by the model, resulting in a bank
of predefined or learned functions A . .. Ap).

[0117] Step (4) shows that a learned projection matrix is
multiplied by the data embedding to result in an attention
data projection matrix, which is multiplied by a time embed-
ding matrix using column dot product operator, resulting in
alpha (a) vector.

[0118] Step (5) shows that a vector is put into a sofimax
function, resulting in a beta (§§) vector.

[0119] In step (6) beta vector is multiplied by the data
embedding matrix, resulting in a reduced record vector of
dimension D which is entered into a feedforward network
(i.e., several layers of an internal ReLu (Rectified Linear
Unit)) with a sigmoid or softmax function at the end,
resulting in a prediction output.

[0120] The output of the model is the output of the
sigmoid, plus the learned attention vector from step (4).

[0121] FIG. 3B is a flow chart showing the design and
operation of the embedded boosted time series model 32 of
FIG. 1. The steps are essentially as follows: step (1) shows
the data in the original EHR, with relative timestamps (delta
time) to e.g., the moment of prediction. In step 2) each data
element is turned into a binary feature {;, . . . f, indicating
existence of a particular value/token at a particular (relative)
point in time. Each predicate of the form v>V at some t>T.
Together these form a N-bit vector V.

[0122] In step (3) vector V is multiplied with a (learned)
embedding vector E of dimension D, and aggregated (e.g.,
summed), resulting in a D-dimensional vector.

[0123] Instep (4) this D-dimensional vector is entered into
a network of e.g., several ELU (exponential linear unit)
layers, ending with a sigmoid. The output of the network is
the output of the sigmoid function.

[0124] FIG. 3C is a flow chart showing the design and
operation of the LSTM model 28 of FIG. 1. The steps are
essentially as follows:

(1) For each feature category (e.g., medications, notes, vital

signs), each data point is embedded in a D -size
vector.

category
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(2) All data is considered in bags of e.g., 1 day. Per feature
type, a weighted average is calculated for all vectors in the
bag, yielding e.g., the average medication vector for that
bag.

(3) Per bag, e.g., one day, all average feature vectors are
concatenated, yielding a vector of size D=D,,._i.oriontDroret
D, ;..s €tc., for all feature types.

(4) Those average vectors are entered into an LSTM model,
with each vector representing one step in the sequence.
(5) The output of the LSTM is entered into either a softmax
function (for multiclass classifications, e.g., identifying the
primary diagnosis) or a logistic function (for probability
tasks, e.g., mortality).

[0125] Alternatives to these models may be suitable for
use in the present system, such as, for example autoregres-
sive convolutional neural network models with attention, see
A. Vaswani et al., Attention is all you need, arXiv:1706.
03762 [cs.CL] (June 2017).

[0126] As noted above, the models use attention mecha-
nisms which enable a granular visualization of the weights
or “attention” to particular tokens used by the models to
make a particular prediction for a patient. Several examples
will now be described in conjunction with FIGS. 4, 5 and 6.
[0127] FIG. 4 is an illustration of one form of display 64
of data in an EHR showing results of attention mechanism
in the deep learning models in a patient timeline or series of
events including medications, encounters, procedures, notes,
orders, etc. In this particular example each circle indicates
occurrence of a particular event related to a prediction (in
this case predicted risk of inpatient mortality), such as
administration of a medicine, a lab test, procedure, note or
order. The timeline indicates the date patient was admitted,
and excerpts of their record (e.g., medications, notes,
reports, etc.) at particular points in time over two days in this
example. FIG. 5 is an illustration of another form of display
of data in an EHR showing results of attention mechanism
in the deep learning models in the form of excerpts of notes
with degrees of emphasis (size, boldness, etc.) given to
individual words in the notes corresponding to the attention
(significance, or weight) the words were to a clinical pre-
diction generated by the deep learning models, and particu-
lar medications in the medical history were to the prediction
(diagnosis of metastatic melanoma with pneumonia and
anemia). The terms “melanoma”, “metastatic”, “encase-
ment”, “hemoptysis” etc., from free text notes in the EHR
are shown in larger font and darker color to direct the
attention of the provider that these elements of the EHR are
pertinent or related to a prediction generated by the model.
FIG. 6 is another example of results of the attention mecha-
nism in the deep learning models, showing different words
found in the notes of the EHR being afforded different
degrees of emphasis (boldness, font size) being relevant to
a prediction of a diagnosis of alcohol-related disorder. The
darker highlights correspond to words in medical notes
higher attention scores: abuse, withdrawal, drinker, etc.
Further examples of attention mechanisms in the models to
drive display of medical events in an EHR pertinent to a
prediction will be discussed in a later section on the pro-
vider-facing interface.

[0128] An example of how the attention results of FIGS.
4, 5, and 6 are generated is as follows: First, to identify the
past medical problems of the patient related to a prediction,
we run the model that identifies diagnosis codes (as
explained previously, ICD9 code prediction and primary
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diagnosis CCS code prediction) over all historical time
periods of the patient (say, once per historical encounter, or
once for each week in the history). From that we get a list
of predicted/identified past medical problems, that we thus
inferred from medications, labs, vitals, notes etc.

[0129] These problems are ranked and presented to the
physician. The ranking depends on several factors such as
(1) how much evidence supports this medical problem (e.g.
is it only mentioned in the note, or also observed in the
labs/vitals, and also treated with medications), (2) has this
problem been explicitly billed for and coded in the main
EHR, or is this an “embedded” diagnosis that we inferred
but was not explicitly coded or billed for, and (3) how rare
and severe is this medical problem (e.g. aneurysm vs hyper-
tension), and potentially other factors.

[0130] Next, for each problem, we need to summarize key
facts such as key medications and key note excerpts and
words. We interrogate the above model (which classified this
patient as e.g. having hypertension), using an attention
mechanism, to indicate, e.g. for each medication or for each
word in the notes, a number between 0-1 of how much
attention (or, intuitively, weight or significance) the model
gave to that word. The highest scored words are shown in
these illustrations of FIGS. 5 and 6.

[0131] As another example, as will be described in later
figures, the provider-facing interface of the electronic device
(FIG. 1, 40) shows note excerpts from the EHR related to the
prediction of ICU transfer (instead of a historical medical
problem). Here we use again exactly the same attention
mechanism to get a number between 0-1 for each input token
seen by the model (e.g. for each word in the notes, for each
medication prescribed etc.), indicating how much weight the
model put on that individual word/medication/etc. while
making the prediction of the ICU transfer.

[0132] Further details on the model performance, the
study cohorts, characteristics of the data sets, and results as
compared to baseline models, are set forth in the Appendix
A of our prior U.S. *112 provisional application and are not
particularly pertinent. A summary of the results of perfor-
mance of our models in a retrospective study of the test set
in the cohort is shown in FIG. 7. FIG. 7 shows different types
of predictions made by the models, including readmission,
mortality, unplanned ER/hospital visits, etc. The “AUC”
performance metric represents a receiver operating charac-
teristic area under the curve, a standard performance metric
in machine learning.

[0133] A summary of our findings from development and
testing of the models is as follows. Using deep learning on
electronic health record data, we have demonstrated highly
predictive performance in predicting in-hospital mortality,
long length-of-stay, unplanned 30-day readmission, identi-
fying primary diagnoses, and assigning billing codes at
discharge. We showed that results are consistent across
healthcare systems and clinical tasks, improve with avail-
ability of new patient data, and interpretable with use of
attention mechanisms. We have four key findings, described
below. Further details are found in Appendix A of our prior
U.S. *112 provisional application.

[0134] Results are Scalable Across Disparate Datasets
[0135] First, our method accommodates unstructured data
such as free text notes across multiple clinical sites and can
use all data in an EHR to for model training and create
accurate predictions. Our approach does not require hand-
picking of variables and determining of how to clean,
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extract, and harmonize them from a particular site’s raw
data. Predictive models in the literature use a median of 27
variables, whereas we used a median of over 100,000
data-points, including variables that are typically difficult to
include, like clinical notes and flowsheets.

[0136] Predictive Performance is Excellent Across Dispa-
rate Tasks Second, our results suggest that our method of
representing and modeling EHR data is scalable across
clinical tasks, and we believe our results are superior to
comparable studies for mortality (0.94-0.98 vs 0.91), read-
mission (0.74-0.75 vs 0.69) and length of stay (0.86-0.92 vs
0.77). Our performance on ICU mortality and hospital
readmissions also outperforms discrimination by physicians.
[0137] Comparing our results to other studies, however, is
difficult given that performance differs based on cohort
selection and study design; many results have incomplete
description of cohorts and outcomes, predict on smaller,
disease-specific cohorts or use data not routinely available in
real-time.

[0138] To address this limitation, we implemented ver-
sions of the HOSPITAL, NEWS score, and Liu’s model as
baselines, see Appendix B of our prior U.S. *112 provisional
application, and demonstrate superior performance. We also
evaluated a cohort designed to be more similar to those in
related studies of patients on medical or surgical services
and found similar benefit to our approach.

[0139] Additionally, we used an open-dataset, MIMIC,
where we outperformed existing literature with AUC for
mortality of 0.91 vs 0.80 and micro-F1 for ICD-classifica-
tion of 0.4 vs 0.28.

[0140] Modeling Harnesses Value from the Full Sequence
of Data
[0141] Third, our modeling techniques successfully

update predictions as new data becomes available as
opposed to using a fixed point in time. On all tasks, the
models use hundreds of thousands of patient attributes to
make substantial gains in performance on all tasks. Inter-
estingly, our models extract discriminative performance
from claims data nearly comparable to those on EHR data;
indeed, on predicting unplanned readmissions, performance
on claims exceeds performance on EHR data, likely due to
a complete view on readmissions at other hospitals.

[0142] Output of Complex Models are Interpretable
[0143] Fourth, we demonstrate an attention mechanism
that enables a granular visualization of data used by the
model to make a particular prediction for a patient (see FIG.
4-6 and the following discussion of the interface in FIGS.
8-9 and 14-19). Since we explicitly model the sequence and
timing of patient events, our method indeed shows the what,
when and where in a patient’s history relevant to a predic-
tion. Despite not having an analog to an odds ratio to
describe how each variable contributes to the outcome, we
believe attention techniques may alleviate concerns that
deep learning is a “black box,” and could, in the future, be
used to extract salient information for clinicians. The pre-
sentation of underlying past medical events that are relevant
to predicted future clinical events in the interface gives the
healthcare provider confidence that the deep learning models
in fact are providing information that is timely and useful.
[0144] Limitations

[0145] Labels in the dataset used for model development
and training may be clinically incorrect or missing. Billing
diagnoses may not reflect clinical diagnoses; for example,
pneumonia is increasingly coded as sepsis for administrative
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reasons. Similarly, readmissions commonly occur in a sepa-
rate health system, and those records are typically not shared
with the discharging hospital system. In the absence of
complete data sharing between health institutions or a data-
set with research grade phenotypes, this limitation affects all
data that is collected in live clinical care.

[0146] A second limitation is that our approach relies on
large datasets, powerful computing infrastructure, and com-
plex algorithms, which require sophisticated engineering to
replicate. However, this approach is what allows a single
modeling architecture to achieve excellent predictive per-
formance across a range of prediction tasks, and is within the
ability of those skilled in the art in view of the present
disclosure and accompanying appendices.

[0147] Finally, there have been concerns that using many
variables invariably leads to overfitting. We allay this con-
cern by reporting results on a held-out test set of patients not
used during training, which estimates real-world perfor-
mance, and by showing the result holds for 3 separate
datasets. Further, the design of the models may including
techniques to avoid overfitting.

[0148] While several types of predictions have been
described above, the models can be used for other prediction
tasks, including:

[0149] Medications and dosages, both for purpose of
auto-completing and of alerting to unusual dosages or unex-
pected prescriptions (source of medical errors).

[0150] Next words, sentences or paragraphs in a physician
note, e.g., discharge summary, for the purpose of auto-
completing or suggesting templates or parts of documenta-
tion, for physicians to review, edit and submit (writing
documentation is a major time burden).

[0151] Predicting a wide variety of life-threatening events
such as intubation, ventilation, changes in acuity of care
(e.g. ICU transfers), organ support, transplants etc., for the
purpose of monitoring and alerting to such events.

[0152] Predicting physiological deterioration on e.g. a
daily basis, or before ordering lab tests, or before e.g.,
administering glucose (for the purpose of preventing e.g.
hyper/hypoglycemia).

[0153] Predicting total cost of care, for the purpose of risk
stratifying high-cost patients.

[0154] Predicting admissions and census (how many
patients will be admitted at each ward) for the purpose of
capacity planning.

D. Provider Interface for Clinical Predictions and
Understanding Through Deep Learning

[0155] Once the predictive models 28, 30 and 32 have
been developed, tested and validated as described above,
they can then be used to make predictions on an input EHR
from a patient as shown in FIG. 1 to improve patient care.
In this section of the document we will describe how these
predictions, along with identification of pertinent past medi-
cal events (test results, diagnoses, notes, medications, etc.)
in the EHR can be presented to a healthcare provider. In
essence, the computer 26 of FIG. 1 generates data from an
input health record as to predictions and relevant past
medical events using the model(s) 28, 30, and or 32 and
provides that data to the electronic device 40 for rendering
on the interface.

[0156] FIG. 8A is an illustration of a healthcare provider-
facing interface 100 of an electronic device 40 for use by a
healthcare provider treating the patient, e.g., computer ter-
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minal, tablet, smartphone or other type of computing device
having a screen display. The interface 100 in this configu-
ration is designed for use in a hospital setting. The interface
includes display areas 102 and 104 for two patients. For
patient “Mark Smith”, the display includes an alert 104
which indicates that the predictive models predict two future
clinical events for this particular patient, in this case an
unplanned transfer to intensive care unit (ICU) and a
delayed discharge from the hospital. The interface of FIG.
8A is designed to alert the healthcare provider’s attention
early on to patients at risk. The system of FIG. 1 accurately
predicts specific events where something is “off”, “unusual”,
or “needing attention.” From the physician’s perspective, the
interface meets the need to be alerted early, when they still
have time to act. Furthermore, as will be explained in
conjunction with FIG. 8B, the interface explains why the
predictive models think/predict the alert condition will hap-
pen.

[0157] FIG. 8A also shows other aspects of interest,
including a tool bar 108 which allows the physician to select
a graphical display of different probabilities (or risks) in the
timeline area 105 of the display 102, on a Y axis scale of
0-100. In this instance, the physician has toggled to the “on”
position the risks/probabilities of death, discharge, and ICU
transfer. Line 110 plots the probability of discharge from the
hospital. Line 112 plots the probability of ICU transfer. Line
114 plots the risk of death. Note that approximately 16:00
there was a sharp spike in the in the risk of ICU transfer and
shortly after that a slight increase in the risk of death. The
physician can explore these plots of risks/probabilities and
find out more information on past medical events related to
the risk of ICU transfer and delayed discharge by clicking on
or selecting the Alert icon 104.

[0158] When the Alert icon 104 is selected, the interface
100 changes to the display shown in FIG. 8B. Basically, this
version of the interface helps the physician to understand the
patient now, including the predictions that are made and
relevant prior medical events. The physician is thinking:
“What are the key medical problems I need to know about?
Help me dig into the conditions or other data that I might
need to look at to make a decision. Do not let me miss
critical information.” These needs are met by the display of
FIG. 8B. In particular, in region 130 there is displayed of a
problem list associated with the alerts: the chief complaint
for the current admission (abdominal pain), key prior hos-
pital admissions (alcohol withdrawal, atrial fibrillation), key
inferred diagnosis (i.e., a diagnosis inferred by the models
28, 30, 32) based on the EHR in real time, and other key
medical conditions of the patient (prediabetes, hypertension,
and tinea cruris). In region 140 there is a display of current
laboratory results. In region 150 there is a display of
excerpts of medical notes which were pertinent to the
predictions of ICU transfer and delayed discharge, with the
results of the attention mechanism in the models highlight-
ing in red font particular elements or words in the notes that
were scored high by the attention mechanisms (in this case
“EtOH-withdrawal”, “concern for “ETOH withdrawal.”) In
region 160 there is a display of current vital signs. In region
120, there is a display of time lines showing prior hospital
admissions, ER visits and outpatient activity. The line 122 is
avisualization of the intensity of healthcare utilization of the
patient, and the volume of data available about this patient,
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e.g., how often they have visited a healthcare facility, how
many labs/vitals were taken, how many medications were
prescribed etc.

[0159] Further discussion of the interface of FIGS. 8 A and
8B will be provided below in the description of the
Examples.

[0160] As noted previously, the predictive models can also
be used in an outpatient setting in order to make predictions
for a patient. For example FIG. 9 shows an interface 100 and
the display of tools 200 on the interface that would be
pertinent to use of the interface in a physician’s office. The
tools 200 allow the physician and his or her care team to plot
timelines of risk/probability (similar to that shown in FIG.
8A, region 105) of emergency department visit, hospitaliza-
tion, death and general cost/utilization of medical resources
similar to the display line 202 of FIG. 8B.

Example 1—What Happens Today without the
Benefit of this Disclosure

[0161] This hypothetical example will illustrate the diffi-
culty in patient care without the benefit of the present
disclosure.

[0162] Patient “Mark Smith” comes to the emergency
room at 7 am for terrible abdominal pain. He has a full
work-up, including labs and an abdominal ultrasound with-
out a clear cause. His abdominal exam is relatively benign,
but he still requires IV pain medications.

[0163] At 10 am, he is admitted to the internal medicine
team for observation and pain control. The admitting team
suspects non-specific gastritis, and they anticipate next-day
discharge.

[0164] The primary team signs-out at 4 pm, handing over
to a covering physician (responsible for 130 patients), and
warning that: “Mr. Smith may develop alcohol withdrawal
but there haven’t been any signs yet.” At 8 pm, the covering
physician signs-out all 130 patients to the night doctor, Dr.
Kingsley. At 8 pm, Dr. Kingsley enters for her overnight
shift. She is covering 130 patients none of whom she has
cared for previously. She starts her shift by forwarding the
first-call pagers for all 130 patients to her own. At 10 pm, Dr.
Kingsley receives a page.

[0165] Patient Smith in Room 14[.-21, has heart rate 99,
watching TV in bed comfortable. BP 115/79, RR 20, 98%
RA. FYT as call parameter is 90

[0166] At 1:00 am, Dr. Kingsley gets another page.
[0167] Patient Smith in Room 14L-21 has sepsis alert,
please call back at 3-9124

[0168] Dr. Kingsley logs into the EHR and sees an alert.
[0169] Sepsis alert. Patient meets SIRS criteria. Adminis-
ter 30 cc/kg 1V fluids and antibiotics within 1 hour, per
national guidelines.

[0170] Digging deeper, Dr. Kingsley sees that the patient’s
heart rate has been creeping up from 70 in the daytime, to
99 and now 110, and his respiratory rate is recorded as 20
(the usual number recorded when the rate is normal). The
lactate (ordered by the nurse) was 2.5 (mildly elevated). Dr.
Kingsley’s pager is now going off every 45 seconds, so she
has to triage her time. At 1:05 am, she calls back the nurse
who reports “he doesn’t look great, he’s a little shaky and
diaphoretic.” While she’s talking, she’s pulling up the note
in the day where the primary problem is “unspecified
abdominal pain.” It continues “patient has non-specific
abdominal pain and mildly elevated liver enzymes, ultra-
sound with non-specific gall bladder thickening. Suspect
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gastritis, maybe from alcohol use but patient denies. monitor
for intra-abdominal pathology.” The sepsis alert reminded
her of the clinical rule that for every hour antibiotics are
delayed for sepsis, mortality goes up by 7.5%. She wants to
see the patient but may not be able to examine him for
another 30 minutes, which would make the delay of antibi-
otics likely more than 1 hour. She is worried about an
intra-abdominal infection. She looks to see if he’s ever had
an echocardiogram, which he hasn’t.

[0171] At 1:10 am, she orders 2L of IVF, vancomycin and
zosyn (antibiotics), and orders a CT abdomen-pelvis with
contrast.

[0172] 2:10 am, an overhead alarm sounds.
[0173] CODE BLUE: 14L Room 21
[0174] Dr. Kingsley runs to 14-I. Room 21 to find Mr.

Smith in respiratory distress. The second bag of IV fluids is
almost complete. She listens to his lungs and notices sig-
nificant crackles that were not documented by the day team.
His JVD is markedly elevated. She also notices his signifi-
cant tremor and tongue-wag. The patient, when asked again,
this time admits to drinking heavily in the past week but
stopping 2 days ago because of the abdominal pain. She
stops the IV fluids, calls the Intensive Care Unit (ICU) team
to transfer the patient to the ICU for iatrogenic acute
pulmonary edema and alcohol withdrawal.

[0175] The resolution of this example is as follows: The
patient actually had gastric irritation from alcohol and
ibuprofen use, causing his abdominal pain. While in the
hospital, he started going into alcohol withdrawal, which
was the cause of his elevated heart rate, tremor, and dia-
phoresis. The clinician also missed that his outpatient doctor
was worried about alcohol cardiomyopathy because of wors-
ening exercise tolerance and had ordered an echocardiogram
that hadn’t been done yet.

[0176] After being pulled into actually examining the
patient from a code blue, the physician diagnosed acute
pulmonary edema from the fluids she had ordered and
recognized the alcohol withdrawal. The patient was trans-
ferred to the ICU, treated and discharged after 4 days. The
patient was readmitted to the hospital 3 weeks later with C
difficile colitis, likely from the incorrectly given antibiotics.
[0177] A root cause analysis asks what did Dr. Kingsley
miss? The patient was evaluated hastily only after he had
deteriorated. The patient had alcohol gastritis and with-
drawal, which was mistaken for sepsis & mistreated. The
patient had suspected cardiomyopathy: and should not have
received fluids without physical exam and ECG. What
should have happened?

1. Should have predicted and prevented pending ICU trans-
fer for alcohol withdrawal.

2. Should not have given IV fluids, and thus prevented ICU
transfer for fluid overload.

3. Should not have given antibiotics, and thus prevented the
hospital-acquired infection.

4. Should have prevented the subsequent re-admission
Both a framing bias and confirmation bias help explain why
this occurred. The framing bias is: do I withhold life-saving
therapy for a patient with possible sepsis? The confirmation
bias is that given the density of information, a physician
looks only for source of possible abdominal sepsis.

[0178] FIGS. 10-13 illustrate examples of the massive
amount of information that is available to healthcare pro-
viders from EHRs and why the features of the present
disclosure are needed. FIG. 10 shows excerpts from four
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years of this patient’s medical history, with 433 listed
diagnoses. FIG. 11 shows excerpts of diagnoses for this
patent, but the lack of important accompanying information
such as whether the patient was treated as an outpatient,
inpatient, or in the ICU or other setting limits the usefulness
of the information. FIG. 12 shows a huge list of different
encounters for this particularly patient over a given time
span, but lacks the detail on what happened in each encoun-
ter. FIG. 13 shows just one small fraction of the notes taken
by providers in a single hospitalization over 4 days—33
notes totaling ~10,000 words, which would fill 60 different
screens of a standard mobile device.

[0179] Simply put, there is a need to assist Dr. Kingsley in
directing her attention to only those elements in the EHR
that are actually relevant to the patient’s current condition.
Patient care in Example 1 can be improved, hence the
development of the system of this disclosure.

Example 2—Predicted Clinical Event of ICU
Transfer and Delayed Discharge

[0180] This example will illustrate the benefits of the
system of FIG. 1 in the treatment of the patient “Mark
Smith” in Example 1. In summary, the system alerts the
physician’s attention early to patients at risk, by accurately
predicting specific events; alerts them early, when they still
have time to act, and explain why the system is making the
prediction. Once they have the attention (for example by the
use of the alerts of FIG. 8A) it helps the physician under-
stand the patient now—what are the key problems, what are
the conditions and other data that the physician might need
to look at to make a decision, and not let them miss critical
information.

[0181] In FIG. 14 an example of the interface 100 of the
device of FIG. 3 tracking data and risks for four patients in
real time. The physician has toggled the tools 108 to
customize the tracking of risks or probabilities in real time.
In FIG. 14, the interface includes four display areas 300,
302, 304 and 306 for four different patients, the display area
300 is the display area for patient Mark Smith and the plots
and alert 104 is as described in FIG. 8A.

[0182] In our hypothetical example, at 8:02 pm Dr. King-
sley starts her 8 pm shift and logs into the system providing
the interface 100 of this disclosure, which is termed “Guard-
ian” in this document. She first looks at Jerry Mashokitar
who she was told was a “watcher”, which is confirmed by
Guardian, as the plot shows increasing risk of death indi-
cated by line 303. At 8:03 pm, the alert 104 is activated she
notices Mark Smith at the top of the patient list. The alert is
that this patient is at risk of ICU transfer and delayed
discharge.

[0183] Questions immediately form in Dr. Kingsley’s
mind: What are the patient’s active medical problems? How
severe was their alcohol withdrawal in the past? Did they
require ICU stays? What treatments are they on for heart
failure? Do they have a reduced ejection fraction? Have they
had prior infections or received antibiotics recently? Any
positive cultures? Has atrial fibrillation been hard to control?
Did the patient suddenly stop taking beta-blockers? In other
words, what are the key problems with the patient, when,
and what is the evidence? Dr. Kingsley activates the icon
104 and the display of FIG. 8B appears. The interface shows
the risk of ICU transfer and draws her attention to the
concern for alcohol withdrawal that drives that risk, by
virtue of the notes region 150 showing excerpts of notes
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“Possible Hx of Et-OH-withdrawal seizures”, “Heavy EtOH
use” and “concern for ETOH withdrawal.” The phrases
“EtOH-withdrawal and “concern for ETOH withdrawal” are
shown in red font and bolded. This is a result of the use of
the attention mechanisms in the predictive models as
explained previously. Thus, the display of FIG. 8B summa-
rizes the past medical events for the predicted current risk
(ICU transfer).

[0184] FIG. 15 shows the interface of FIG. 8B showing
the selection of just the key events in the 152 past encounters
in the EHR which are relevant to the predictions (ICU
transfer, delayed discharge) and presented in the patient
timeline area.

[0185] FIG. 16 shows the interface of FIG. 8B showing
the selection of just the key problems from the list of 433
past diagnoses or problems in the EHR which are relevant to
the predictions (ICU transfer, delayed discharge). The key
problems (i.e., pertinent past medical events) are presented
as a summary in the left-hand side of the display in the
problem list area.

[0186] FIG. 17 shows the interface of FIG. 8B showing
the selection of just the key, important excerpts or words
from the 12,000 words in the notes in the EHR which are
relevant to the predictions (ICU transfer, delayed discharge).
The key excerpts (words and phrases) and presented in the
lower right area of the interface, with degrees of highlighting
to particular words or phrases as a result of the use of the
attention mechanism in the deep learning models when
generating the predictions.

[0187] FIG. 18 shows the interface of FIG. 8B showing
the ability of the interface to summarize each medical
problem that is listed. In this instance, the provider clicked
on the “alcohol withdrawal” key problem 400 in the display
area 130 of FIG. 8B and the display shows medications in
field 402, notes or excerpts thereof in field 404, and a
timeline of events in field 406 related to the key problem of
alcohol withdrawal.

[0188] FIG. 19 shows what happens when the user selects
the “key inferred” problem of cardiomyopathy, and the
display shows a summary of the key problem “cardiomyo-
pathy”, in the form of a time line 506, medications 502 and
associated notes or excerpts thereof in field 504. The notes
or excerpts in the field 504 and 404 again use highlighting
(bold, font size etc.) to indicate the results of the attention
mechanism in the model to again show the physician the
elements of the EHR that were most significant in generating
the prediction.

[0189] Returning again to the description of the treatment
of patient Mark Smith using the features of this disclosure,
whereas in Example 1 Dr. Kingsley got the sepsis page at 1
am, with the features of this disclosure, Dr. Kingsley orders
desired interventions early. She goes to see the patient
immediately after the Alert is presented, and orders a CIWA
protocol for alcohol withdrawal given the very high risk. She
sees the outpatient suspicion of cardiomyopathy, and
decides not to give 2L IV in case the patient actually has
heart-failure. Given the diagnostic uncertainty, she decides
to also order an ECG given the history of atrial fibrillation
and examines the patient.

[0190] In summary, the system of this disclosure avoided
the need to transfer the patient to the ICU and also be
readmitted to the hospital later. In this Example, the physi-
cian is given timely alerts of predicted clinical events,
presented with key medical events to the prediction,
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enabling the physician to improve their care for the patient,
avoid the ICU transfer, avoid the unplanned readmission to
the hospital and avoid the complications from administration
of the antibiotics.

Example 3—Outpatient Alerts of Risk of ER or
Hospitalization

[0191] This example will explain the use of the system of
FIG. 1 in an outpatient setting.

[0192] Jennifer Choi is an 83 year-old woman with a
history of heart failure (EF 30%), atrial fibrillation on
warfarin, hypertension and prediabetes, presenting as a new
patient at Dr. Keyes’ outpatient cardiology clinic. Dr. Keyes
was asked to manage her heart-failure. Ms. Choi wants to
make sure Dr. Keyes understands her other conditions to
make sure none of the treatments interfere with one-another.

[0193] Earlier, Ms. Choi had her labs prior to a primary
care physician (PCP) visit where she was noted to have mild
acute-kidney injury. Her PCP felt her volume status was
stable, so he decreased the dose of diuretics and recom-
mended repeat labs in a week.

[0194] On the way out the door from the appointment with
Dr. Keyes, Ms. Choi’s daughter privately expressed concern
that her mother was increasingly confused and was worried
she may not be taking her medications correctly. Dr. Keyes,
already 30 minutes behind her schedule, said that she'd look
into that further in an appointment in 3 weeks time, and put
a reminder in her note to address confusion at the next visit:
“Daughter is concerned patient is increasingly confused.
Plan for MOCA and evaluation for cognitive impairment at
next visit”

[0195] Both the PCP and Dr. Keyes participate in the
system of FIG. 1 and forward the EHR of Ms. Choi to the
computer 26 of FIG. 1 for application of the predictive
models. Both the PCP and Dr. Keys have electronic devices
(workstations) that include the interface of FIG. 9 which is
used for outpatients.

[0196] The models predict that Ms. Choi is at risk for ED
visit/hospitalization in the next 14 days. The alert is pre-
sented on the display of FIG. 9. That team has expertise to
manage these high-risk situations. The display would show
a timeline (including recent hospitalizations), such as shown
in FIG. 18, field 406, it would show inferred problems: CHF,
AKI, AFib, prediabetes, hypertension in the field 130 of
FIG. 8B, and would include in the field 150 (FIG. 8B)
excerpts of notes:

Note 1 (pcp): “Daughter is concerned patient is increasingly
confused. Plan for MOCA and evaluation for cognitive
impairment at next visit [ . . . ] Patient has worsening renal
function, likely from over-diuresis. Will decrease dose of
lasix and repeat labs in 1 week. Told daughter to monitor
weight and breathing”.

Note 2 (nurse): “Patient is confused about lasix dose”

Note 3 (nurse): “I don’t know what dose my mom should be
taking”

As a result of the use of attention models, key portions of
these notes are rendered in bold font-“concerned” “con-
fused”, “MOCA”, “worsening renal function” “decrease
dose of lasix” “confused about lasix dose”, etc.
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Example 4—a Busy Emergency Department

[0197] This example will illustrate the use of the features
of this disclosure with the hypothetical patient “Mark
Smith” in Example 1 and 2.

[0198] Mark Smith walks into the Emergency Room,
clutching his stomach, complaining of pain. His heart-rate is
110, he is shaky, sweating and diuphretic. The nurse pulls in
Dr. Peters, the ED resident, to help figure out what is going
on.

[0199] Dr. Peters has numerous questions. Has he ever
been in before? What diseases does he have? How severe are
they? How have they been treated? The ED pulls up Mr.
Smith’s EHR and the predictive models of FIG. 1 are
applied to his EHR. The interface of the terminal or other
electronic device presenting the interface pulls up and
displays information that is pertinent to these questions and
his current chief complaint, and includes predicted diagnosis
and key underlying medical events as shown in FIG. 8B. As
current vital signs are obtained they are added to the display
of pertinent chart information.

FURTHER CONSIDERATIONS

[0200] The precise physical location and implementation
of the predictive models and related computer or computer
system 26 may vary. In some instances it may be physically
located at a medical system or hospital serving affiliated
facilities, primary care physician offices, and related clinics
etc. In other situations it may be centrally located and
receive EHRs and transmit predicted future clinical events
and related prior medical events over wide area computer
networks and service a multitude of unrelated healthcare
institutions in a fee for service, subscription, standalone
product, or other business model. In all situations appropri-
ate data security and HIPPA compliance procedures are in
place.

We claim:

1. A system comprising, in combination,

a) a computer executing one or more deep learning
models trained on aggregated health records converted
into the single standardized data structure format and in
an ordered arrangement per patient to predict one or
more future clinical events and summarize pertinent
past medical events related to the predicted one or more
future clinical events on an input electronic health
record of a patient having the standardized data struc-
ture format and ordered into a chronological order; and

b) a healthcare provider-facing interface of an electronic
device for use by a healthcare provider treating the
patient configured to display the predicted one or more
future clinical events and the pertinent past medical
events of the patient.

2. The system of claim 1, wherein the interface of the

electronic device includes a display of:

(1) an alert to the one or more future clinical events,

(2) key medical problems or conditions related to the
alert, and

(3) notes or excerpts thereof related to the alert.

3. The system of claim 2, wherein at least one of the one
or more deep learning models each contain an attention
mechanism indicating how much attention the at least one of
the one or more models gave to elements in the electronic
health record to predict the one or more future clinical events
and summarize pertinent past medical events related to the
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predicted one or more future clinical events, and wherein the
display of the notes or excerpts thereof are displayed in a
manner indicating results from the application of the atten-
tion mechanism.

4. The system of claim 2, wherein the display further
comprises a display of at least one of inferred information
from the patient electronic health record and a timeline of a
probability or risk of certain events occurring in the future.

5. The system of claim 1, wherein the display permits a
user of the electronic device to select one of the key
problems or conditions and the selection triggers further
display of information pertinent to the selected key problem
or condition.

6. The system of claim 4, wherein the further display
comprises display of medications prescribed to the patient
and notes or excerpts thereof related to the selected key
problem or condition.

7. The system of claim 3, wherein the display of the notes
or excerpts thereof indicating results from the application of
the attention mechanism comprises display of the notes or
excerpts thereof using at least one of the following to
provide highlighting or gradations of emphasis on particular
words, phrases or other text in the notes: font size, font color,
shading, bold, italics, underline, strikethough, blinking,
highlighting with color, and font selection.

8. An electronic device having a healthcare provider
facing interface displaying in substantial real time a display
of a prediction of one or more future clinical events for at
least one patient;

wherein the display further is configured to display ele-

ments comprising past medical events from an elec-
tronic health record which correspond to application of
an attention mechanism on a predictive model operat-
ing on the electronic health record which are related to
the prediction.

9. The electronic device of claim 8, wherein the elements
of the electronic health record comprise notes or extracts
thereof with highlighting or gradations of emphasis on
particular words, phrases or other text in the notes.

10. The electronic device of claim 8, wherein the high-
lighting or gradations of emphasis comprise use of at least
one of font size, font color, shading, bold, italics, underline,
strikethough, blinking, highlighting with color, and font
selection.

11. The electronic device of claim 8, wherein the elec-
tronic device comprises a workstation, a tablet computer, or
a smartphone.

12. The electronic device of claim 8, wherein the pre-
dicted one or more future clinical events include at least one
of unplanned transfer to intensive care unit, length of stay in
a hospital greater than 7 days, unplanned readmission within
30 days after discharge of the patient, inpatient mortality,
primary diagnosis, a complete set of primary and secondary
billing diagnoses, or atypical laboratory values, such as
acute kidney injury, hypokalemia, hypoglycemia, and
hyponeutrimia.

13. The electronic device of claim 8, wherein the interface
is further configured to display a time line plotting at least
one patient risk or probability of an event over time.
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14. The electronic device of claim 8, wherein the interface
is further configured to display a time line plotting at least
one patient risk or probability of an event over time for a
plurality of patients simultaneously.

15. The electronic device of claim 8, wherein the display
of a prediction of one or more future clinical events is in the
form of a display of an alert.

16. A method of assisting a health care provider in
providing care for a patient, comprising the steps of:

a) using a predictive model trained from aggregated

electronic health records to generate (1) a prediction of
a future clinical event for the patient and (2) identify
pertinent past medical events from an input electronic
health record for the patient;

b) generate data related to both the prediction and the

identified pertinent past medical events; and

¢) transmit the generated data to an electronic device used

by the health care provider for display on the electronic
device;

wherein:

the predictive model uses an attention mechanism to

indicate how much attention the predictive model gave
to elements in the input electronic health record to
predict the future clinical event and identify pertinent
past medical events and wherein the generated data
includes the results of the attention mechanism.

17. The method of claim 16, wherein the pertinent past
medical events include notes or excerpts thereof.

18. The method of claim 16, wherein the prediction is
selected from the group consisting of: unplanned transfer to
intensive care unit, length of stay in a hospital greater than
7 days, unplanned readmission within 30 days after dis-
charge of the patient, inpatient mortality, primary diagnosis,
a complete set of primary and secondary billing diagnoses,
and atypical laboratory values.

19. The method of claim 16, wherein the generated data
further comprises a time line of probability or risk of an
event occurring over time.

20. The method of claim 16, wherein steps a), b) ¢) and
d) are performed in real time for a multitude of patients
simultaneously from a multitude of input electronic health
records; and wherein a health care provider caring for at
least two of the multitude of patients receives the generated
data in real time for the at least two patients, thereby
assisting the health care provider in providing care for the at
least two patients simultaneously and permitting prioritiza-
tion in patient care for the at least two patients based on the
respective predictions.

21. The method of claim 16, wherein the predictive model
comprises an ensemble of deep learning models individually
trained on aggregated electronic health records, at least one
of which incorporates the attention mechanism.

22. The method of claim 21, wherein the ensemble
comprises (1) a Long-Short-Term Memory (LSTM) model,
(2) a time aware Feed-Forward Model (FFM), and (3) an
embedded boosted time-series model.
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